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eOlTION  OR  I NOV  St  It  OBtOt-ITt 


Undasaifled 

taCURITV  CL ASSIRIC AVION  OR  THIS  RAGS  (Whan  Dim  Kntmrat) 


PUFACE 


Hw  nieardi  mpoitod  In  Ihli  itudy  wu  acoompIMtod  under  project  AMDS^ 
Fmoand  Sakctloo  and  Retention  for  Optfenal  hoducthHy;  tadc  AIIOSIO,  AMD 
Attiitioo  Study. 

Special  appreciation  ia  expreatad  to  Dr.  LN.  Kranuninp,  USAF  School  of  Arialioo 
Medicine  (USAFSAM^EDS)  for  Ut  aaaMance  in  providing  data  needed  to  aocomplhh 
anaiyaea  for  ihia  pn^ect 


TABLE  OF  COKTENTS 


L bitroduction  5 

n.  Method 5 

DL  Remiltt  end  Diicualon 7 

IV.  Condutioiu  and  Reoommendationa 13 

Refeiences 13 

Appendix  A:  Statistical  Analyaea  H 

LIST  OF  TABLES 

Tatie 

1 Sample  Population  6 

2 List  of  Variables  b 

3 Multiple  G>Trelationt  S 

4 Summaiy  of  Regression  Analysis 9 

5 Regression  Weights  for  Total  Sample  Model  1 10 

6 Regression  Weights  for  90130  Sample  Model  1 11 

7 Regression  Wei^ts  for  90730  Sample  Model  1 12 

8 Regression  Wei^ts  for  91 130  Sample  Model  1 13 

9 Personal  Data  Sheet 14 

10  Computation  of  Predicted  Soon  on  Test  1 for  Course  90730  IS 

A1  Test  for  Homogeneity  of  Regression  Equations IB 

A2  Means  and  Standard  DevktiotH 19 

A3  Correlation  Matrix  - Total  Sample 20 

A4  Comlation  Matrix -Course 90130  22 

AS  Comlation  Matrix  - Course  90730  24 

A6  Comlation  Matrix  - Course  91130 26 


7£  ~ 


DEVELOPMENT  OF  A SCREENING  METHODOLOGY  FOR  ENTRY 
INTO  MEDICAL  TECHNICAL  TRAINING  COURSES 


L INTRODUCTION 

Eveiy  selection  and  cUaifkation  piogiam  has 
one  m^r  otqective:  to  identify  penoimel  who  are 
most  likely  to  succeed  on  the  The  Air  Force  is 
no  exception.  The  stringent  budgetary  limitatioiu 
imposed  by  Congress'  on  itiilitfty  ipegdlhg  hate*  * 
called  for  more  attention  and  emph^  than  ever 
before  to  be  placed  on  the  armed  services  to  find 
ways  of  maximizing  the  return  on  their  training 
investment.  Hiring  or  training  personnel  who  will 
later  terminate  employment  or  training  M a result 
of  unsuccessful  or  non-adaptive  perforrtunce 
represents  a cost  which  might  be  minimized  if 
more  precise  procedures  could  be  developed  to 
identify  those  individuals  not  likely  to  succeed  at  a 
later  date. 

Over  the  past  few  years,  management  personnel 
associated  with  tech^cal  training  in  the  USAF 
Sdiool  of  Aviation  Medicine  (SAM),  Brooks  AFB, 
Texas,  have  noted  a gradual  rise  in  attrition  rates. 

As  a result,  course  managers  have  voiced  their 
concern  over  the  magnitude  of  the  attrition  rate  in 
certain  courses  and  have  indicated  a need  to 
explore  ways  to  reduce  this  rate  by  the  develop- 
ment of  refined  selection  procedures.  At  the 
request  of  USAF/SAM,  a project  was  initiated  to 
evaluate  the  current  screening  process  used  for 
entry  into  three  medical  technical  training  courses: 
90130,  Aeromedical  Specialist;  90730,  Environ- 
mental Health  Specialist;  and  91 130,  Physiological 
Training  Specialist.  The  operational  aptitude 
prerequisite  for  these  courses  is  a minimum 
percentile  score  of  60  on  the  General  Aptitude 
Index  of  the  Armed  Services  Vocational  Aptitude 
Battery  (ASVAB).  In  addition  to  this  initial 
screening,  three  additional  commercial  tests  are 
being  administered  to  all  student  trainees  by 
USAF/SAM  personnel  on  an  experimental  basis. 

The  primary  purpose  of  this  investigation  was 
to  develop  a screening  methodology  which  would 
identify  potential  failures  and/or  students 
requiring  remedial  training.  It  was  anticipated  that 
improved  screening  would  result  in  a lower 
attrition  rate  where  students  not  likely  to  succeed 
in  training  could  be  diverted  to  other  specialty 
areas  and/or  students  with  learning  problems 
might  be  identified  for  remedial  training  in  an 


early  enough  phase  of  the  training  program  to 
prevent  acadeinic  failures.  Specific  objectfves  of 
the  study  were  (a)  to  assets  the  value  of  the  experi- 
mental screening  uaed  by  USAF/SAM,  and  (b)  to 
determine  whether  additiorul  background  and 
aptitudinal  data  might  increase  the  effectiveness  of 
the  screening  procedure. 


O.  METHOD 

The  sample  population  originally  consitud  of 
1,200  students  who  entered  courses  SABY90I30, 
Aeromedical  Specialist;  SABY90730,  Environ- 
mental Health  Specialist;  and  S^Y91130, 
Physiological  Training  Specialist,  during  the 
1973-1975  time  period.  Gm  rosters  containing 
experimental  test  scores  and  criterion  data  on 
technical  training  performance  were  furnished  by 
USAF/SAR  Criterion  data  in  technical  training 
included  type  of  eliminee,  phase  test  scores,  and 
final  school  grade  (FSG). 

Experimental  tests  administered  by  USAF/SAM 
personnel  to  entering  students  provided  a 
deviation  intelligence  quotient  score  (IQ)  from  the 
Otis-Lennon  Mental  Ability  Test  (Otis  & Lennon, 
1967),  vocabulary  score  (VfKAB)  from  the  Word 
Gue  Test  (Taylor,  Franchenpohl  A McDonald, 
1962),  and  two  reading  ability  scores,  words  per 
minute  (WPM)  and  comprehension  (COMI^  from 
the  Appraisal  of  Reading  Versatility-Advanced 
Test  (RDonald  A Zimmey,  1962).  Scores  from 
these  tests  are  used  to  identify  students  with 
academic  problems  and/or  potential  failures. 

Identification  data,  test  scores,  and  criterion 
data  from  the  class  rosters  were  keypunched  and 
matdt/merged  with  historical  data  tape  files 
(maintained  by  the  Computational  Sciences 
Division,  Air  Force  Human  Resources  Laboratory 
[AFHRL]  Brooks  AFB,  Texa)  to  obtain  addi- 
tional aptitudinal  and  biographical  data  on  each 
trainee. 

In  combining  the  two  data  files,  it  wa  found 
that  test  scores  were  miuing  for  197  cases.  These 
cases  were  dropped  from  the  total  sample  reducing 
the  total  number  of  cases  to  1,003  (see  Table  1). 


Table  1.  Sample  PopuUtioii 


Ceena 

Ty»«  aiiUM— 

T»UI 

OraeaalM 

Aaae 

IM 

all 

90130 

338 

17 

5 

4 

364 

90730 

296 

26 

2 

4 

328 

91130 

273 

22 

14 

2 

311 

Totd 

907 

6S 

21 

10 

l/)03 

Ihe  UM  of  a pasi/fail  criterion  in  the  analywt 
waa  (UfRcult  due  to  the  amall  number  of  elimineea 
in  each  courae.  Adding  to  the  dlflkuhy  waa  the 
fact  that  eUmineea  were  not  a homogeneoua  group 
ainoe  the  elimlnee  group  contained  three  main 
typea:  academic  (ACADX  medical  (MEDX  and 
aelMnitiated  (SIEX  To  alleviate  the  criterion 
problem,  other  performance  criteria  were 


geiwrated  for  analyaii  purpocet.  Theae  criterion 
variablea  included  Teat  Gride  I,  FSG,  attd  Teat 
Gradea  1 and  II  Compoaiu  in  addition  to  the  peat/ 
fafl  criterkm. 

A deacriplicn  of  predictor  and  criterion  vari- 
ablea it  contained  in  Table  2. 

Multiple  linear  regretaion  analytet  (Bottenbeig 
k Ward.  1963)  were  uted  to  determine  whether 
the  USAlF/SAM  lectt  and/or  AFHRL  dau  made  an 
unique  and  ripilflcant  contribution  to  the  pic- 
diction  of  performance  in  medical  technical 
training  couitet.  Analyrii  waa  accompiithed  on 
both  the  total  temple  and  each  of  the  individual 
courae  tamplet.  Due  to  the  amall  number  of 
atudent  elimineea  and  the  non-homogeneity  of 
regretaion  equatiora  among  the  individual  oourtea 
(lee  Table  AlX  croaa-appUcation  of  regretaion 
wdghtt  to  another  aample  waa  not  accompUahed 
to  deteimiiw  the  itability  of  the  pr^ictor 
compoaitet. 


TabkZ  LhtorVmiaUca 


VaftoBM 
Nam  ear 

VarlaeM  Name* 

Tvea  VaWaeta 

OwarteBaa 

Predictor  VariaMea 

1 

Deviation  IQ  Score 

Continuous 

Derived  from  Otit-Lennon  Mental  Ability  Test;  direct 
measure  of  scholastic  success  and  general  mental 
ability 

2 

WPM  tcore 

Continuous 

Derived  from  Appraisal  of  Reading  Venatility- 
Advanced  Test;  a word-per-minute  rate  of  reading 

3 

COMP  tcore 

Continuous 

Derived  from  Appraisal  of  Reading  Versatility- 
Advanced  Test;  a measure  of  comprehension  in  reading 
ability 

4 

VOCAB  score 

Continuous 

Derived  from  Word  Clue  Test;  a measure  of  functional 
vocabulary 

5 

AFQT  score 

Continuous 

Pbrcentile  tcore  derived  from  the  Armed  Forces  Quali- 
fication Test/ASVAB;  a measure  of  general  mentd 
ability 

6 

Mechanical  AI 

Continuous 

Percentile  tcore  derived  from  ASVAB  tubtetts  to  form 
Mechanical  Aptitude  Index 

7 

Administrative  AI 

Continuous 

Percentile  score  derived  from  ASV AB  subtests  to  form 
Administrative  Aptitude  Index 

8 

General  AI 

Continuous 

Percentfle  tcore  derived  from  ASVAB  subtests  to  form 
General  Aptitude  index 

9 

Electronics  AI 

Continuous 

Percentile  score  derived  from  ASVAB  subtests  to  form 
Electronics  Aptitude  Index 

10 

Years  of  education 

Continuous 

Number  of  years  of  edcuation  completed 

11 

AFSC  Preferred 

Categorical 

Indicates  whether  trainee  designated  medical  career 
field  as  preferred  AFSC 

6 


Tabic  2 (Continued) 


r- 


II 

VwtoaM  NaMS 

Type  vsiWM* 

omurnum 

12 

GAFSC 

Categorical 

Indicates  whether  medical  career  field  was  a guaranteed 
AFSC  for  Uainee 

13 

Biology 

14 

Chemistry 

IS 

Algebra 

16 

Gmeral  mathematics 

Categorical 

Indicates  whether  trainee  completed  this  course  in  hi^ 

17 

General  science 

school 

18 

Geometry 

19 

Physics 

20 

Arutomy/physiology 

21 

Age 

Continuoua 

Age  of  student  trainee  at  time  of  entry  into  training 

22 

TAFMS 

Continuoua 

Number  of  years  of  total  active  miliury  service  at  time 
of  entry  into  training 

Criterion  Vaiiabics 

1 

Paas/fafi 

Categorical 

Final  dlspoBition  from  technical  training 

2 

Test  Grade  1 

Continuous 

Numerical  grade  on  first  test  in  technical  training  course 
(Note:  Studenu  not  taking  first  test  assigned  a grade 
ofO) 

3 

Final  Average 

Continuous 

Score  derived  from  sununation  of  sU  test  scores  divtded 
by  the  number  of  tests  given  in  each  course 

4 

Test  Grades  1 and  11 

Continuous 

Combined  scores  of  Tests  I and  11  divided  by  2 

m.  RESULTS  AND  DBCVBSION 

Ihiee  models  were  developed  from  the  pre- 
dictor variables.  Model  1 contained  the 
commercial  teats  administered  by  USAF/SAM  and 
all  aptitudinal  and  biographical  data  available  from 
AFHRL  files.  Model  2 contained  only  the 
commercial  tests  used  by  USAF/SAM  in  their 
screening  process.  Model  3 was  comprised  of  the 
data  available  from  AFHRL  files  only. 

Resuhs  of  the  first  regression  analysis  indicated 
that  all  models,  in  the  total  sample  and  in  the 
individual  course  samples,  significantly  predicted 
all  criteria.  The  multiple  correlations  derfred  from 
the  inrUvidual  models  are  contained  in  Table  3. 
Means,  standard  deviations,  and  correlation 
matrices  are  contained  in  Tables  A2  dirougli  A6  in 
Appendix  A.  Based  on  these  findings,  it  appears 
tl^  a combination  of  commercial  test  scores  and 
AFHRL  data  or  one  of  the  components  alone 
could  be  used  effectlvdy  to  predict  probable 
success  in  technical  training. 

Ihe  next  regression  analysis  investigated  the 
possibility  of  elimiruting  the  conunercial  tests 


from  the  predictor  system  (see  Table  4).  In 
developing  a selection  model  for  practical  utility, 
it  is  necessary  to  consider  potentid  saving  wM^ 
may  resuh  in  identifying  and  rating  potential 
eUinlnees,  u well  as  the  additional  cost  in  time  and 
money  used  in  implementing  the  proposed 
screen^  system.  Using  three  commercial  tests  in 
addition  to  the  operational  test  and  biographical 
data  which  are  readily  available  on  each  trainee 
would  increase  the  overall  cost  of  an  operation^ 
screening  methodology.  The  use  of  AFHRL  bio- 
graphical and  aptitudinal  data  alone  would 
eliniinate  the  administration  of  the  three  com- 
mercial tests,  if  such  data  were  as  effective  u a 
composite  which  included  the  commercial  tests. 

A comparison  of  Models  I and  3 indicated  that 
the  commercial  tests  added  significantly  to  the 
experimental  predictor  composites  in  all  samples 
with  one  exception.  The  commercial  tests  failed  to 
make  a unique  and  significant  contribution  to  the 
prediction  of  firul  average  in  Course  91130,  over 
and  above  the  AFHRL  biographical  and  apti- 
tudinal data.  Although  the  use  of  commercial  tests 
represent  an  additional  cost  to  the  Air  Force's 
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Table  3.  Multiple  Combtioas 


lamasi 

Modal* 

eaaa/dad 

Teal  1 

Ta«t  1 a M 

PM 

Total 

1 

.3525** 

.4808** 

.4731** 

.4417** 

2 

.3163** 

.4345** 

.4233** 

.3930** 

3 

.2659** 

.4037** 

.4085** 

.3764»* 

90130 

1 

.3699** 

.5491  •• 

.5398** 

.5075** 

2 

.2690** 

.4796** 

.4601  •• 

.4274** 

3 

.3250** 

i4897** 

.4548** 

.4891  •• 

90730 

1 

.4923** 

.6239** 

.6383** 

.6243** 

2 

.4097** 

.5741  •• 

.5866** 

.5713** 

3 

.3899** 

.51 26** 

.5385** 

.5148** 

91130 

I 

.3848** 

.4275** 

.4073** 

.4084** 

2 

.2955** 

J250** 

J047** 

.2757** 

3 

.3077* 

J856** 

.3706** 

J833** 

'''Model  I — contains  commercial  test  scores,  apcitudfaul  scores,  and  bioftapSkal  data;  predictor 
variables  1—22  (tee  Table  2). 

Model  2 — contains  commercial  test  scores  only;  predictor  variables  1 — 4 (tee  Table  2). 

Model  3 — contains  aptitudinal  scores  and  biofraphical  dau  only;  predictor  variables  5—22  (sac 
Table  2). 

‘Sifnificant  at  .05  level. 

’'Significant  at  .01  level. 
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Tabk4. 

Summary  of  Recession  Analysis 

R* 

Camearta*** 

Pmu 

Raatrtatae 

Crttartan 

Maeal 

e*. 

•*i 

P 

Total  Sample 

Pan/FaU 

Model  1 vs2 

.1243 

.1000 

18 

980 

l.SOSO 

Model  1 vs  3 

.1243 

.0707 

4 

980 

14.9847** 

Tett  I 

Model  I vs  2 

.2312 

.1888 

18 

980 

3.0059** 

Model  1 vs  3 

.2312 

.1629 

4 

980 

21.7523** 

Tests  I & 11 

Model  1 vr  2 

.2239 

.1792 

18 

980 

3.1328** 

Model  1 vs  3 

.2239 

.1668 

4 

980 

18.0012** 

Finil  Avenge 

Model  1 vs  2 

.1951 

.1545 

18 

980 

2.7473** 

Model  1 vs  3 

.1951 

.1417 

4 

980 

16.2449** 

90130Total  Sample 

Piss/Fail 

Model  1 vs  2 

.1369 

.0724 

18 

341 

1.4152 

Model  I vs  3 

.1369 

.1056 

4 

341 

3.0853** 

Test  I 

Model  lvs2 

.3015 

.2300 

18 

341 

1.9382** 

Model  1 vs  3 

.3015 

.2399 

4 

341 

7.5216** 

Tests  1 A 11 

Model  1 vs  2 

.2914 

.2117 

18 

341 

2.1295** 

Model  I vs  3 

.2914 

.2392 

4 

341 

6.2754** 

Final  Avenge 

Model  I vs  2 

.2575 

.1827 

18 

341 

1.9090** 

Model  1 vs  3 

.2575 

.2068 

4 

341 

5.8203** 

90730  Total  Sample 

Pass/Fail 

Model  1 vs  2 

.2423 

.1678 

18 

305 

1.6655* 

Model  1 vs  3 

.2423 

.1520 

4 

305 

9.0873** 

Test  1 

Model  I vs  2 

.3892 

.3296 

18 

305 

1.6526* 

Model  1 vs  3 

.3892 

.2627 

4 

305 

15.7914** 

Tests  1 A 11 

Model  1 vs  2 

.4075 

.3440 

18 

305 

1.8143* 

Modd  1 vs  3 

.4075 

.2900 

4 

305 

15.1201** 

Final  Avenge 

Model  1 vs2 

.3898 

.3263 

18 

305 

1.7612* 

Model  1 vs  3 

J898 

.2650 

4 

305 

15.5909** 

91 130  Total  Sample 

Pass/Fail 

Model  1 vs  2 

.1481 

.0873 

18 

288 

1.1412 

Model  1 vs  3 

.1481 

.0947 

4 

288 

4.5138** 

Testl 

Model  1 vs  2 

.1827 

.1057 

18 

288 

1.5089 

Model  1 vs  3 

.1827 

.1487 

4 

288 

3.0002* 

Tests  1 A 11 

Model  1 vs  2 

.1659 

.0929 

18 

288 

1.4003 

Model  I vs  3 

.1659 

.1373 

4 

288 

2.4650* 

Final  Average 

Model  I vs  2 

.1668 

.0760 

18 

288 

1.7437* 

Model  1 vs  3 

.1668 

.1469 

4 

288 

1.7178 

’Model  1 — contains  commercial  test  scores,  aptitudinal  scores  and  biographical  data ; predictor  variables  1—22  (see 
Table  2). 

Model  2 — contains  commercial  test  scores  only;  predictor  variables  1-4  (see  Table  2). 

Model  3 — contains  aptitudinal  scores  and  biographical  data  only:  predictor  variables  5 — 22  (see  Table  2). 

*Signifkant  at  .05  level. 

**Signi6cant  at  .01  level. 
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operational  selection  program,  results  indicate  that 
eliminating  these  tests  would  significantly  decrease 
the  predictive  accuracy  of  the  selector  compoaitet. 

Model  1 versus  Model  2 comparisons  indicated 
that  the  contribution  of  the  AFHRL  data,  over 
and  above  the  commercial  tests,  was  not 
universally  found  to  be  significant.  For  the  pass/ 
fail  criterion,  only  in  Course  90730  did  the 
AFHRL  data  make  a unique  and  significant 
contribution.  In  the  91130  sample,  these  data 
added  significantly  only  in  the  prediction  of  fmal 
average.  Although  the  utility  of  the  AFHRL  data 
was  not  confirmed  in  every  course  with  all  criteria, 
it  should  be  noted  that  such  data  (which  are  easily 
retrievable  or  accessible  on  every  student  trainee) 
can  be  used  with  little  or  no  additional  cost  to  the 
Air  Force.  Based  on  these  findings,  it  appears  that 
the  most  effective  predictor  composite  for  all 
criteria  is  Model  1,  which  contains  both  the  conv 
mercial  tests  and  AFHRL  data.  It  is  realized  that 
the  magnitude  of  the  obtained  multiple  correla- 
tions for  Model  1 will  most  likely  decrease  upon 
cross-application  of  regression  weights  to  another 
sample;  however,  it  should  also  be  noted  that  the 
correlation  obtained  on  a sample  population 
previously  screened  by  the  ASVAB  is  somewhat 


lower  than  if  it  had  been  computed  on  an  un- 
restricted population. 

The  use  of  this  screening  technique  in 
identifying  high-risk  personnel  for  potential  elimi- 
nation from  training  is  minimally  effective.  The 
relatively  low  attrition  rate  actually  experienced  in 
these  medical  courses  makes  identification  of 
potential  failures  difficult.  Using  Model  I selector 
composite,  16%  of  the  eliminees  in  the  total 
sam^e  would  have  been  correctly  identified.  For 
the  individual  course,  the  percentage  of  eliminees 
correctly  identified  varies  between  a low  of  8%  for 
the  90130  course  to  a high  of  34%  in  the  90730 
training  program.  It  appears  that  the  predictor 
composite  can  be  used  more  advantageously  in 
identifying  personnel  who  might  require  remedial 
training.  Remedial  training  is  an  integral  part  of 
the  USAF/SAM  medical  training  program,  and 
identification  of  those  individuals  requiring 
additional  academic  instruction  at  an  early  stage  in 
their  training  program  should  maximize  the 
benefit  to  be  derived  from  the  remedial  training 
received.  An  individual's  potential  in  training  can 
be  assessed  by  using  one  or  more  of  the  grade 
criteria.  Using  the  regression  weights,  shown  in 
Tables  S through  8,  a trainee's  probable  need  for 
remedial  training  can  be  estiriuted. 


Table  5.  Regression  Weights  for  Total  Sample 
Model  I 


Kasrawlen  WMtMt 

VarlabM  Motraplilcal/Aptttudlnal  


Number 

Information  Varlablot 

Haa/Pall 

Ttft  1 

T«ftt  1 « II 

FSQ 

1 

IQ 

.004815 

.331782 

.26%05 

.243006 

2 

WPM 

-.000005 

.000377 

-.000502 

-.003699 

3 

Comprehension 

.002340 

.046064 

.064137 

.059578 

4 

Vocabulary 

.001347 

.802088 

.589024 

.557036 

5 

AFQT 

.000261 

.027838 

.021773 

.023169 

6 

Mechanical  AI 

.000410 

.047730 

.035129 

.051630 

7 

Administrative  A I 

-.001051 

-.027292 

-.038142 

-.025342 

8 

General  AI 

-.007200 

-.000749 

.037564 

-.001203 

9 

Electronics  AI 

.000815 

.018874 

.059541 

.027950 

10 

Years  of  Education 

.011811 

.969234 

.940046 

.514144 

11 

AFSC 

.031318 

1.394792 

.801 102 

.474468 

12 

Guaranteed  AFSC 

.060458 

3.745162 

4.251922 

4.277685 

13 

Biology 

.000603 

1.864761 

1.067767 

1.398997 

14 

Chemistry 

-.007098 

.627298 

.573022 

.574300 

15 

Algebra 

.043998 

1.109925 

1.296278 

1.351915 

16 

General  Mathematics 

.049632 

-5.821246 

-3.902253 

-2.513692 

17 

General  Science 

-.074523 

-2.403064 

-3.445147 

-2.818092 

18 

Geometry 

.006833 

.968783 

.271117 

.392890 

19 

Physics 

-.029725 

-1.028794 

-1.551386 

-1.735580 

20 

Anatomy /Physiology 

-.000441 

.761875 

1.464730 

1.336250 

21 

Age  (at  entry  into  Training) 

.000432 

.132763 

.194523 

.232112 

22 

TAFMS 

.015591 

1.216459 

.663407 

.529880 

Regression  Constant 

.058759 

21.869978 

25.804687 

35.708523 

Optimal  cutoff  score 

.670 

70 

140 

70 

\ 


Tabk  6.  Regicnion  Weights  for  901 30  Sample 
Mo<lel  1 


VarUbI* 

Numbar 

BIOfraphleal/AptKudInal 
Information  VarUbItt 

l><iVPaa 

Tatt  1 

Tattt  1 A II 

FSO 

1 

IQ 

.002708 

.304514 

.245871 

.193759 

2 

WPM 

-.000066 

-.003763 

-.002561 

-.006540 

3 

Comprehension 

.001767 

.016611 

.053891 

.059242 

4 

Vocabulary 

.002415 

.887130 

.658003 

.594975 

5 

AFQT 

.002940 

.144006 

.122838 

.118233 

6 

Mechanical  A1 

-.000501 

.034632 

-.000265 

.046%7 

7 

Administrative  A1 

-.001268 

-.016858 

-.012554 

.022187 

8 

General  AI 

-.001507 

-.000720 

.055953 

.023569 

9 

Electronics  Al 

-.000176 

-.051755 

-.004160 

-.066210 

10 

Years  of  Education 

.018581 

1.461884 

1.875780 

1.467588 

11 

AFSC 

.011339 

.041430 

-.923446 

-1.545004 

12 

Guaranteed  AFSC 

.065012 

5.260695 

6.097409 

4.936615 

13 

Biology 

.018911 

1.995940 

-.641055 

.026345 

14 

Chemistry 

-.000899 

-.756846 

-.147915 

.004344 

15 

Algebra 

.052655 

-.255625 

1.851847 

1.590552 

16 

General  Mathematics 

-.070627 

-8.087654 

-6.426204 

-4.227193 

17 

General  Science 

-.056952 

-1.839300 

-1.958085 

-1.367670 

18 

Geometry 

.003967 

2.286635 

.457569 

-.644020 

19 

Physics 

-.045994 

-2.429264 

-2.704744 

-3.343108 

20 

An  atomy /Physiology 

-.017870 

.008293 

.084625 

-.292544 

21 

Age  (at  entry  to  training) 

-.008861 

.137849 

.067429 

-.165318 

22 

TAFMS 

.017315 

1.020294 

.969751 

1.013875 

Regression  Constant 

.573707 

25.589255 

22.763109 

39.70’969 

Optimal  cutoff  score 

.66 

70 

140 

70 

Table  7.  Regrenion  Weighti  for  90730  Sample 
Model  1 


Varlabia 

Number 

aioeraphleal/Aptlludlnil 
Information  Varlablat 

Raeraaion  WftltMs 

aaM/FaN 

TMI  1 

Tntia  1 a II 

r»a 

1 

IQ 

.006900 

.380632 

.310632 

.297676 

2 

WPM 

.000333 

.006462 

.002545 

.001651 

3 

Comprehension 

.002793 

.065369 

.075093 

.097133 

4 

Vocabulary 

-.004890 

.927117 

.720326 

.561385 

5 

AFQT 

-.000087 

-.057959 

-.019770 

-.001250 

6 

Mechanical  A1 

.000571 

.041378 

.044735 

.031615 

7 

Administrative  AI 

-.001290 

.016912 

.010148 

.005256 

8 

General  AI 

.002018 

.045914 

.052902 

.020532 

9 

Electronics  AI 

.000570 

.075472 

.065280 

.052584 

10 

Years  of  Education 

.010199 

.841830 

.622495 

.201634 

11 

AFSC 

.041613 

1.808472 

1.259188 

.754467 

12 

Guaranteed  AFSC 

.090567 

.599688 

1.208848 

2.409496 

13 

Biology 

-.121444 

-.805640 

-1.091829 

-2.120280 

14 

Chemistry 

-.003059 

2.398907 

2.091829 

1.820382 

15 

Algebra 

.064795 

-2.272336 

-2.540523 

-2.342941 

16 

General  Mathematics 

.194584 

-2.389616 

.207007 

1.944302 

17 

General  Science 

.010501 

.896007 

-1.263062 

.192486 

18 

Geometry 

-.049076 

2.114715 

1.481743 

2.523088 

19 

Physics 

.010243 

1.108961 

.%0286 

1.325478 

20 

Anatomy/Physiology 

.013696 

.302181 

1.330794 

2.122931 

21 

Age  (at  entry  to  training) 

.009566 

-.042622 

.062474 

.316671 

22 

TAFMS 

.032579 

1.283275 

.730403 

.625542 

Regression  Constant 

-.732827 

10.902887 

20.469578 

20.846067 

Optimal  cutoff  score 

.62 

70 

140 

70 

ThbleS.  Repcaion  Weightifor91I30Sample 
Model  1 


f 


i 


I 

t 

h 

f 

r 

t 

1 


War— 1»»  WMfM> 

VartabM  BlotnpMcal/AptMudliwI  


Numbw 

IntoriiMtlon  VartabMt 

wui/Paa 

T—  1 

Taalf  1 a 11 

PSO 

1 

IQ 

.004942 

.339540 

.299281 

.233872 

2 

WPM 

-.000225 

-.015677 

-.009764 

-.012164 

3 

Comprehension 

.003033 

.054308 

.066217 

.037083 

4 

Vocabulary 

.006373 

.335779 

.072953 

.327985 

5 

AFQT 

-.003564 

-.081901 

-.108845 

-.067659 

6 

Mechanical  AI 

.000872 

.036443 

.051558 

.065460 

7 

Administrative  AI 

-.000743 

-.092979 

-.124164 

-.125505 

8 

General  AI 

-.001499 

.044589 

.060461 

-.006461 

9 

Electronics  AI 

.002985 

.091383 

.149712 

.113984 

10 

Years  of  Education 

-.013756 

.518739 

.211680 

-.110429 

11 

AFSC 

.058448 

1.789524 

1.600338 

1.741433 

12 

Guaranteed  AFSC 

-.033454 

-.899482 

1. 144463 

3.538575 

13 

Kology 

.100398 

3.676947 

4.304516 

5.931903 

14 

Chemistry 

-.021431 

2.226087 

.608380 

1.580586 

15 

Algebra 

.023007 

7.788725 

5.839147 

6.385092 

16 

General  Mathematics 

.068029 

-3.332660 

-1.834028 

-.894435 

17 

General  Science 

-.172185 

-2.147659 

-4.926422 

-4.633101 

18 

Geometry 

.076101 

-3.196083 

-1.955471 

-1.515156 

19 

Physics 

-.034083 

-.264955 

-1.3274% 

-1.806437 

20 

Anatomy/Physiology 

.002073 

3.910437 

3.910437 

2.972489 

21 

Age  (at  entry  to  training) 

-.002466 

-.251879 

-.052699 

.111829 

22 

TAFMS 

.007603 

2.596964 

1.261755 

1.014792 

Regression  Constant 

.468969 

29.583905 

35.80341 1 

46.265853 

Optimal  cutoff  score 

.560 

70 

140 

70 

In  order  to  obtain  predicted  scores  for  any 
student  entering  training,  Table  9 presents  a 
personal  data  sheet  which  lists  the  biographical 
and  aptitudinal  data  required  for  the  actual 
computation  of  criterion  scores. 

Table  10  illustrates  the  computation  of  two 
trainees’  predicted  level  of  achievement  on  Test  I 
in  Course  90730.  From  these  data,  it  would  appear 
that  Trainee  A is  a likely  candidate  to  receive 
remedial  training,  since  his  predicted  score  on  Test 
I fails  to  reach  the  minimally  acceptable  passing 
score  of  70.  If  such  training  is  made  available 
during  the  early  phase  of  his  training  program,  the 
likelihood  of  his  becoming  an  eliminee  might  be 
averted.  Trainee  B,  on  the  other  hand,  is  not 
identified  as  a candidate  for  remedial  training.  His 
predicted  score  exceeds  the  optimal  cutoff  score 
of  70.  Based  on  his  predicted  score  of  90,  he 
would  be  identified  as  a probable  graduate  In  the 
90730  medical  training  prograra  If  additional 
evidence  on  an  individual’s  potential  performance 


in  training  is  desired,  predicted  scores  for  Tests  I 
and  II  or  final  school  grade  may  also  be  computed. 


IV.  CONCLUSIONS  AND 
RECOMMENDATIONS 

It  appears  that  a predictor  composite  comprised 
of  biographical  and  aptitudinal  information  can  be 
used  to  identify  potential  failures  and/or  personnel 
requiring  remedial  training  in  medical  technical 
training  courses.  The  significant  contribution  of 
the  commercial  tests  to  the  predictor  composite 
warrants  their  being  retained  in  the  selection 
composite  even  though  their  use  entails  an 
additional  expense  to  the  Air  Force  in  an  opera- 
tional testing  program.  Aptitudinal  and 
biographical  data  on  trainees  widch  are  available 
prior  to  entry  into  training  can  be  used  in  con- 
junction with  the  commercial  tests  now  being 
administered  to  trainees  to  improve  the  predictive 
accuracy  of  the  selection  composite. 
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Table  9.  Penoatl  Dita  Sheet 


Nme 

SSAN  

A*b  — 

Yean  of  Education  

GAFSC 

Piefened  AFSC  

TAMES  

Counes  taken  and  completed  in  hi^  ichool/college: 

YES  NO 


Biology 

Giemistry 

Algebra 

General  Mathematics 
General  Science 
Geometry 
Physics 

Anatomy/Physiology 
Information  from  official  records: 

Score 


AFQT 

Mechanical  AI 
Administrative  AI 
General  AI 
Electronics  AI 
IQ  Score 
WPM  Score 
CCHdP  Score 
VOCAB  Score 


Table  JO.  Computalioa  of  Pndktod  Scoic  oa  T«t  1 for  Come  90730 


VaftaSM 

NwnSar 

niairapM«ll/a>MlMSIilW 
InleniiaUeii  VwlaMM 

Timm* 

A 

TfslMa 

■ 

li 

• 

1 

K} 

90 

lis 

.380632 

2 

WPM 

200 

29S 

.006462 

3 

Comprehension 

60 

80 

.06S369 

4 

Vocabulary 

3 

6 

.927117 

5 

AFQT 

70 

80 

-DS79S9 

6 

Mechanical  AI 

70 

70 

.0*1378 

7 

Administrative  AI 

6S 

70 

.016912 

8 

General  AI 

6S 

80 

.04S914 

9 

Electronics  AI 

6S 

8S 

.07S472 

10 

Yean  of  Education 

12 

13 

.841830 

11 

AFSC 

0 

1 

1.808472 

12 

Guaranteed  AFSC 

0 

1 

.S99688 

13 

Biology 

1 

1 

-.80S640 

14 

Chemistry 

0 

1 

2.398907 

IS 

Algebra 

1 

1 

-2.272336 

16 

Graeral  Mathematics 

1 

1 

-2.398616 

17 

General  Science 

1 

1 

.896007 

18 

Geometry 

0 

1 

2.11471S 

19 

Physics 

0 

1 

1.108961 

20 

Anatomy/Physiology 

0 

1 

302181 

21 

Age  (at  entry  to  training) 

19 

20 

-.042622 

22 

TAFMS 

0 

0 

1.28327S 

Regression  Constant 

10.902887 

10.902887 

10.902887 

Predicted  score 

6S.70491S 

90.7S8S88 

Optimal  cutoff  score 

70.000000 

70.000000 

Ahhou^  this  selection  system  could  be  used  to  It  is  recommended  that  if  Oils  selecticn 

identify  personnit!  whn  are  hM-rUc  for  composite  should  be  used  on  an  interim  basis  by 

elimination  from  the  training  program,  it  is  USAF/SAM  course  managers,  additional  research 

believed  Out  this  prediction  system  could  be  used  should  be  initiated  to  determine  the  validity  and 

more  effectively  in  identifying  individuab  vrho  stability  of  the  selection  composite  on  another 

need  to  be  plac^  in  remedy  training  in  an  early  sample, 

phase  of  their  technical  training  program. 
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APPENDIX  A:  STATISTICAL  ANALYSES 


TaUe  A3  (Continued) 


Tests  I end  II  Ccablncd  -*0600  ...  •ITnn  •o/P  .fOas^  'OS**  (OMO  . •«2s7  •««!  1.0000 


TMeAA  CondaUon  Matrix -CouK  90130 


JMtMdOontbtued) 


Virlabl*  V«r1ab1t 


Table  A6  (Cdn/mued) 


I24J 


